Walking is the most common, environment-friendly, and inexpensive type of physical activity. To perform in-depth walkability analysis, one option is to objectively evaluate different aspects of built environment related to walkability. In this study, we proposed a computational framework for walkability measurement using open data. Three major steps of this framework include the web scrapping of publicly available online data, determining varying weights of variables, and generating a synthetic walkability index. The results suggest three major conclusions. First, the proposed framework provides an explicit mechanism for walkability measurement. Second, the synthetic walkability index from this framework is comparable to Walk Score, and it tends to have a slightly higher sensitivity, especially in highly walkable areas in urban core. Third, this framework was effectively applied in a metropolitan area that contains three small cities that together represent a small, old shrinking region, which extends the topical area in the literature. This framework has the potential to quantify walkability in any city, especially cities with a small population where walkability has rarely been studied, or those having no quantification indicator. For such areas, researchers can calculate the synthetic walkability index based on this framework, to assist urban planners, community leaders, health officials, and policymakers in their practices to improve the walking environment of their communities.
Introduction
Walking plays a key role in promoting healthy communities, increasing economic opportunities, and strengthening social connections [1] . It attracts attentions of urban planners, health officials, geographers, social scientists, and policy makers. Besides, walking is the most common form of physical activity among adults [2] . The extent to which adults will walk in their neighborhoods relies on a variety of factors in urban environments [3] [4] [5] . As a popular term in the urban studies and public health literature, walkability is increasingly employed to describe the capacity of a community to support its residents' walking activity [6, 7] . The characteristics associated with neighborhood walkability have positive impacts on three aspects. ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 3 of 18 that this data-driven framework will be applicable and useful to any other study area with different features, especially to those post-industrial cities that rarely attract researchers' attentions.
Study Area and Data
Our study area lies within Broome County, New York, and contains several shrinking cities in the Rust Belt Cities communities historically called the "Triple Cities", and now more broadly as a metropolitan region characterized as the "Greater Binghamton Area" (see Figure 1 ). The Triple Cities lies within two narrow river valleys (i.e., Susquehanna and Chenango Rivers), with older settlements that tended to be linear until residential expansion pushed development into the hills, sometimes on to relatively steep slopes. Most of the homes and businesses, however, sit on flat terrain, including in the flood plain areas, and in dense or concentrated areas. The entire study area has a large percentage of older structures, including homes built prior to 1950. This includes working class homes built by Endicott-Johnson, Inc. for their employees, and older homes later converted for college students and the poorer populations. The climate typically brings long winters and a late spring, with run-off and freeze and thaw, which can have negative impacts on walkways, sidewalks, and streets. While the sidewalks often provide connectivity between neighborhoods and redevelopment areas, climatic factors can provide challenges. All three cities have aged infrastructure, ranging from buildings to streets and sidewalks, and sewage and water lines. The old Triple Cities contained the small cities of Binghamton, Johnson City, and Endicott, and still serve as the old urban core of Broome County. These small cities developed proud industrial histories during the industrial era, and some local corporations enjoyed national and global reputations during that period.
Beginning in the late 19th century, producers of candy, cigars, and other products also provided employment, but had less recognition outside of the region. The early 20th Century brought new corporations that received national and international recognition for their industrial quality and offered large employment. The first, Endicott-Johnson Shoe Corporation (E-J), expanded its employment base to 22,000 workers and had more than 20 factories spread throughout the Triple Cities by the 1940. At its peak it produced 50 million pairs of shoes annually that were consumed globally [48, 49] . EJ was a paternal corporation and created a landscape of social and recreational The old Triple Cities contained the small cities of Binghamton, Johnson City, and Endicott, and still serve as the old urban core of Broome County. These small cities developed proud industrial histories during the industrial era, and some local corporations enjoyed national and global reputations during that period.
Beginning in the late 19th century, producers of candy, cigars, and other products also provided employment, but had less recognition outside of the region. The early 20th Century brought new corporations that received national and international recognition for their industrial quality and offered large employment. The first, Endicott-Johnson Shoe Corporation (E-J), expanded its employment base to 22,000 workers and had more than 20 factories spread throughout the Triple Cities by the 1940. At its peak it produced 50 million pairs of shoes annually that were consumed globally [48, 49] . EJ was a paternal corporation and created a landscape of social and recreational spaces visible today as testimony of their position in the urban region (parks, carousels, and former industrial buildings that are being converted into reusable spaces).
When E-J fell to global cheap labor and competition, the Triple Cities had the good fortune of the arrival of Thomas J. Watson Sr., a friend of George F. Johnson (the owner of E-J), in Endicott in 1906, where he created a worker's time clock. This business evolved into the International Business Machines in the 1920s (i.e., IBM Corporation). After WWII, under the leadership of Thomas J. Watson, Jr., IBM rapidly became a computer industry leader. The second Watson led IBM until the 1960s and the family control of the corporation ceased in the 1970s [50] . IBM had become a high tech corporation that employed nearly 20,000 at its peak. Other tech corporations made the area attractive too, including Link Aviation, Inc. that produced Link's famous Blue-Box Pilot Trainer. That invention found success when the federal government purchased large numbers of Link's machines for training WWII pilots. Binghamton factories boomed and eventually Link Aviation evolved into additional high tech products and was purchased by Singer Corporation.
As a result of the industrial employment provided by these corporations among others, both highly skilled and unskilled work contributed to the growth of Broome County and The Triple Cities until 1970, when Broome County reached its peak of 221,815 (according to U.S. Census Bureau, hereafter). Binghamton had reached its peak population in 1950, 80,674, and continued to fall through 2010 to 47,380. Endicott and Johnson City also reached their population peaks, but in 1970. Since that time, the Triple Cities have evolved into shrinking cities. Manufacturing jobs disappeared; out-migration resulted.
Shrinking cities experience dynamic depopulation trends [51] . Key indicators produce additional shocks that accompany out-migration and continued loss of manufacturing jobs over decades, further reducing chances for revitalization, and include shrinking per capita income, increasing unemployment, declining commercial, and a loss of the tax base. This may be more problematic for small shrinking cities than large ones.
As reported in Table 1 , it is clear to observe the trends of depopulation and job losses in the three municipalities, based on the statistics from the 2010 U.S. Census data, which we consider the most accurate when compared to the range of error in the yearly ACS estimates. These trends indicate that the Triple Cities scored high in negative indicators related to the loss of population and employment opportunities. As such, it is very unique to study walking environment under such a social context. In terms of data, multiple open datasets were employed to characterize different dimensions of walkability. The amenity data were used to characterize various types of points of interests (POI) that have either positive or negative impacts on walkability. These POI amenities include fine dining restaurants, fast food restaurants, bars, pubs and taverns, groceries, convenient stores, shopping stores, ISPRS Int. J. Geo-Inf. 2020, 9, 36 5 of 18 health services, banks, auto services, parks, local landmarks, bus stops, and post offices. Addresses of these amenities data were directly extracted from the website of Yellow Pages (www.yellowpages.com), and then converted to point data by geocoding. Unlike the POI data used in most studies, which might have been acquired a few years ago, web scrapping of online results can provide the most up-to-date data. More details of web scrapping of these POIs are introduced in the next subsection below. Additionally, the transportation datasets were derived from OpenStreetMap (OSM), where basic geographic information of most countries can be found. They were used to calculate the street density and the street intersections to represent transport connectivity. Digital Elevation Model (DEM) data was used to characterize the elevation and to calculate slope information.
Methodology
A data-driven framework is proposed in this research. Its architecture is displayed in Figure 2 . Three major steps are designed for this framework. The first is to extract open-source data by web scrapping, followed by the calculation of relevant walkability related variables. The second is to perform principal component analysis (PCA) among all variables to identify their respective contribution, and their weights are derived based on the calculated variance. Third, a walkability index of individual location is generated by synthesizing the weights and the contributions of variables. This framework was applied to our study area and described in details in the following subsections. (OSM), where basic geographic information of most countries can be found. They were used to calculate the street density and the street intersections to represent transport connectivity. Digital Elevation Model (DEM) data was used to characterize the elevation and to calculate slope information.
A data-driven framework is proposed in this research. Its architecture is displayed in Figure 2 . Three major steps are designed for this framework. The first is to extract open-source data by web scrapping, followed by the calculation of relevant walkability related variables. The second is to perform principal component analysis (PCA) among all variables to identify their respective contribution, and their weights are derived based on the calculated variance. Third, a walkability index of individual location is generated by synthesizing the weights and the contributions of variables. This framework was applied to our study area and described in details in the following subsections. 
Web Scrapping and Measurements Calculation
A variety of variables were derived from and calculated with the use of publicly available open datasets. These variables cover different aspects of urban built environment related to walkability. According to the literature, they include amenities [7, 52, 53] , land use [19, 34] , transportation infrastructure [54, 55] , and community environment [56, 57] to name a few. The amenities are represented by the density of various POIs, which quantify the potential attractions/distractions of different types of amenities. Such POIs were extracted directly through web scrapping using Python. There are four modules to build a web crawler for scrapping the most up-to-date online POI contents. Web pages were downloaded with query results using keywords (such as "fast food restaurant"), followed by the parsing location information in each html file. The latitudes and longitudes of target POIs were extracted and converted into shapefile. Web scrapping was repeated to derive all amenity locations (regardless attracting or discouraging walking). We then grouped a collection of amenities with similar functions into a general category. For example, clothing stores, furniture stores and auto stores were grouped as the "shopping stores" class. Hospitals and dental clinics were grouped as 
A variety of variables were derived from and calculated with the use of publicly available open datasets. These variables cover different aspects of urban built environment related to walkability. According to the literature, they include amenities [7, 52, 53] , land use [19, 34] , transportation infrastructure [54, 55] , and community environment [56, 57] to name a few. The amenities are represented by the density of various POIs, which quantify the potential attractions/distractions of different types of amenities. Such POIs were extracted directly through web scrapping using Python. There are four modules to build a web crawler for scrapping the most up-to-date online POI contents. Web pages were downloaded with query results using keywords (such as "fast food restaurant"), followed by the parsing location information in each html file. The latitudes and longitudes of target POIs were extracted and converted into shapefile. Web scrapping was repeated to derive all amenity locations (regardless attracting or discouraging walking). We then grouped a collection of amenities with similar functions into a general category. For example, clothing stores, furniture stores and auto stores were grouped as the "shopping stores" class. Hospitals and dental clinics were grouped as "health services". Overall, seven generalized categories were obtained, including dining services, food markets, shopping stores, daily services, bus stops, local landmarks, and parks. The detailed subcategories of various amenities are listed in Table 2 . The amenity density was then calculated as the total count of a type of amenity within a 1-km network-based buffer, following previous studies [19, 34] . Land use mix was employed to characterize the degree of variation of land uses [34, 58] . Shannon diversity index was used to quantify richness and divergence in a group. In this study, this measure was specifically used to quantify the mixture degree of land use types that are closely related to human daily activities. With an emphasis on residential, commercial and office lands following the literature, the Shannon entropy index for land use mix is calculated as follows:
where M is the degree of land use mix, p i is the proportion of land use type i within a buffer, and /n is the total number of major land use types (n = 3 in this study). Comparing with just the total count of types of mixed land use within a buffer, this metric can more effectively describe the variation due to different geographical areas but with the same number of mixed land use types [34] . In addition, several types of "density" variables were calculated. These include density of housing, crime, population, intersection, and street. Housing density was calculated as the total count of housing within a 1-km network buffer. We derived the amount of residential housing units directly from the parcel and zoning data. Similarly, population density was calculated as the population total over the residential area. However, the Census data only provide demographic information at the Census tract, block group, and block level, and the boundaries of these scales are inconsistent with that of the buffer zone. Therefore, population totals within the 1-km buffer zone were estimated using the housing unit method [59] . With this method, the total amount of population is estimated as the total counts of housing units multiplied by the average person per household, then adding the population of group quarter. This was done by implementing the remotely sensed data assisted housing unit approach.
More details of small area population estimation are referred to the literature [60, 61] . Intersection density is a useful indicator of street connectivity [19] . A community with higher degree of street connectivity would encourage residents to walk or cycle frequently [19, 34, 54, 55] . The intersection density is calculated as the total counts of intersections of the street centerlines within a 1-km network buffer, street density is calculated as the total length of street segments in a buffer with the same size. Highways were not considered when calculating these two indicators.
Finally, two topographical variables were included to examine whether walkability is affected by topographical features, especially due to the fact that the Greater Binghamton Area is located in valley. Two variables, i.e., the average elevation and the average slope within a local buffer, were considered. Elevation was directly obtained from the SRTM DEM dataset, and the average elevation was calculated within the immediate 1-km network buffer. Slope was calculated based on DEM, which was further averaged within each buffer zone.
Synthetic Walkability Index from the Proposed Framework
Based on this framework, a synthetic walkability index was developed to quantify the walking environment in the study area. This index can be calculated at individual location. It is synthesized by integrating a number of variables capturing different aspects of walking environment using principle component analysis (PCA). Prior to conducting PCA, communality of each variable was calculated to remove variables with fewer contributions. Input variables with a communality score less than 0.5 were removed. Components with an eigenvalue greater than 1 were identified and kept as the primary components in the pool. The synthetic walkability index was then derived as a weighted sum of all primary components, by using the explained variance as their respective weights. This index can be formulated as follows:
where S is the synthetic walkability index, n is the number of components created; F i is the score of component I; V i is the variance of component i from PCA, and is used as the weight of a component.
Comparative Analysis
To evaluate the performance of the synthetic walkability index based on the proposed framework, values of Walk Score were extracted from its website (www.walkscore.com). Walk Score is a walkability metric with a range from 0 to 100 in a limited number of countries. Five categories of amenities are used to obtain Walk Score, including retail (e.g., convenience, drug, grocery, and bookstores), educational (e.g., schools), dining (e.g., restaurants), entertainment (e.g., movie theaters), and recreational (e.g., gyms and parks). It is calculated as a weighted score of Euclidean distances to various nearest amenities, but it remains unknown how the weights are decided. This metric has been used in several applications in different fields [7, 52, 53] . For comparison purposes, five hundred samples of different addresses in the Triple Cities Area were randomly selected. Values of Walk Score of these random samples were retrieved using the API provided by their website. The synthetic walkability indices of these samples were then compared with the values of Walk Score at the same location. Comparisons between synthetic walkability index and Walk Score were performed for evaluation by using the same random samples.
Results

Results of PCA
Communality of the input variables was calculated prior to performing PCA (see Table 3 ). Variables with a threshold less than 0.5 were removed, and the rest were kept for further analysis. Table 4 lists the initial eigenvalues and total variance explained by each component. Four major components were selected as shown as bold fonts. Table 5 displays the rotated loading of each variable to each component. A rule of thumb is that loadings higher than 0.70 are considered excellent, between 0.55 and 0.7 are good, between 0.45 and 0.54 are fair, and lower than 0.45 are poor [50] . The first component has strong positive loadings (all higher than 0.8) on four POI variables: dining service, food markets, shopping stores and daily services. The first component is "amenity attractions". With high positive loadings on housing density (0.967), population density (0.966), and crime density (0.686) the second component characterizes the "urbanization status". The third component has strong positive loadings on "transportation connectivity", with intersection density (0.901), bus stops density (0.880) and street density (0.753). The fourth component has strong positive loadings on land use mix (0.807), which can be interpreted as "land use diversity". In addition, the correlation coefficient matrix in Figure 3 also supports the grouping of these variables in different components. Variables of amenity attraction have significant positive relationships with each other, with correlation coefficients ranging from 0.484 to 0.799. The two variables of urbanization density, i.e., housing density and population density, highly correlate to each other (with a correlation coefficient of 0.725). The three transportation variables, i.e., street intersections, intersection density and bus stops density, also correlate to each other with correlation coefficients ranging from 0.363 to 0.812. Nevertheless, the relationships between elevation/slope and other variables are not very strong, indicating that elevation might not have a great impact on walkability in this study area. 
Results of Comparative Analysis
Visual comparison and correlation analysis were used to evaluate the performance of the synthetic walkability index. For illustration purposes, the values of synthetic walkability index of all addresses in each block were averaged. A map showing this new index at the block level was created to display the patterns in the Greater Binghamton Area (see Figure 4 ). The overall map at the base of Figure 4 shows that most areas of this study area have a relatively low level of walkability (shown as light green). It can be observed that the blocks with a high value of synthetic walkability index were concentrated in the urban center of each of the three cities. As the distances to urban centers increase, the index values substantially decrease. Most suburban areas have a low index value, which indicates 
Visual comparison and correlation analysis were used to evaluate the performance of the synthetic walkability index. For illustration purposes, the values of synthetic walkability index of all addresses in each block were averaged. A map showing this new index at the block level was created to display the patterns in the Greater Binghamton Area (see Figure 4 ). The overall map at the base of Figure 4 shows that most areas of this study area have a relatively low level of walkability (shown as light green). It can be observed that the blocks with a high value of synthetic walkability index were concentrated in the urban center of each of the three cities. As the distances to urban centers increase, the index values substantially decrease. Most suburban areas have a low index value, which indicates that such areas are highly car-dependent. The three detailed inset maps show that the downtown Binghamton, the Central West Endicott and the Southside Riverview Endicott were all highly walkable. In the inset map on the right, the areas in downtown Binghamton tend to be the most walkable area of this region (with the highest values shown as dark green). As the commercial and political center of Broome County, downtown Binghamton is occupied by a large number of restaurants, hotels, shopping stores and government services. In addition, the Greater Binghamton Transportation Center and Binghamton City School District are also located in downtown. As such, it is not surprising that downtown Binghamton is highly walkable. In Johnson City (see the upper right inset in Figure 4 ), the blocks around the neighboring Oakdale Mall and the UHS Medical Center display a moderate level of walkability. There are also numerous food markets and shopping stores located around these two amenities. Walkability was affected by the highways (as shown in Figure 1 ) which cut across the Johnson City somewhat reduced the pedestrian connectivity. In downtown Endicott (see the upper left inset in Figure 4 ), since many small businesses and daily services are located around the Central West Endicott, Southside Riverview Endicott, the synthetic walkability index is also high in these areas along the Susquehanna River. Figure 5 illustrates the spatial pattern of the 500 random sampled of individual locations (in contrast to the block level) of both the proposed index and Walk Score in Binghamton. Visual comparison finds that the overall distribution of these two indices is similar: high values in the central (along major roads and in downtown area), and low values in the south. To further examine the relationships between these two indicators, the synthetic walkability index was plotted against Walk Score. In addition to Figure 5 , the distribution of this index is also created and shown in Figure 6 . Overall, about 25% of blocks are highly walkable with a walkability index greater than 70, while the Figure 5 illustrates the spatial pattern of the 500 random sampled of individual locations (in contrast to the block level) of both the proposed index and Walk Score in Binghamton. Visual comparison finds that the overall distribution of these two indices is similar: high values in the central (along major roads and in downtown area), and low values in the south. To further examine the relationships between these two indicators, the synthetic walkability index was plotted against Walk Score. In addition to Figure 5 , the distribution of this index is also created and shown in Figure 6 . Overall, about 25% of blocks are highly walkable with a walkability index greater than 70, while the remaining 75%, of blocks are highly car-dependent, a typical pattern of a shrinking metropolitan area in the Rust Belt in the US. Such a pattern, however, appears to be better reflected by synthetic walkability index (blue) than that of walk score (orange), as the latter one underestimates the amount of highly walkable areas. For further comparison, synthetic walkability index is plotted against Walk Score. Figure 7 shows that most of the scatters cluster along the regression line, with a relatively high correlation of 0.649 (p < 0.01). Both the scatterplot and correlation coefficient indicate that there is a significantly positive relationship between the proposed index and Walk Score. Figure 5 illustrates the spatial pattern of the 500 random sampled of individual locations (in contrast to the block level) of both the proposed index and Walk Score in Binghamton. Visual comparison finds that the overall distribution of these two indices is similar: high values in the central (along major roads and in downtown area), and low values in the south. To further examine the relationships between these two indicators, the synthetic walkability index was plotted against Walk Score. In addition to Figure 5 , the distribution of this index is also created and shown in Figure 6 . Overall, about 25% of blocks are highly walkable with a walkability index greater than 70, while the remaining 75%, of blocks are highly car-dependent, a typical pattern of a shrinking metropolitan area in the Rust Belt in the US. Such a pattern, however, appears to be better reflected by synthetic walkability index (blue) than that of walk score (orange), as the latter one underestimates the amount of highly walkable areas. For further comparison, synthetic walkability index is plotted against Walk Score. Figure 7 shows that most of the scatters cluster along the regression line, with a relatively high correlation of 0.649 (p < 0.01). Both the scatterplot and correlation coefficient indicate that there is a significantly positive relationship between the proposed index and Walk Score. 
Discussion
By developing a computational framework and a new walkability metric, the contributions of this research include: (1) The provision of an explicit mechanism for walkability measurement Figure 7 . Scatterplot of synthetic walkability index against Walk Score using 500 random samples at individual location in the study area.
By developing a computational framework and a new walkability metric, the contributions of this research include: (1) The provision of an explicit mechanism for walkability measurement comparable with existing indicator, (2) the data-driven nature for adaptive determination of weights from open data, and (3) the extension of a topical research area in the literature.
Further Comparisons with Existing Indicator
Despite the comparable results and high correlation between the synthetic walkability index and Walk Score, it can be clearly observed in Figure 7 (as highlighted with the orange boxes and arrows) that Walk Score tends to stop responding at locations with relatively high walkability (e.g., it does not go beyond a score of 80), where the synthetic walkability index remains responding. This may suggest a higher sensitivity of the proposed synthetic walkability index than Walk Score in our study area. Also, by examining the scatterplot in Figure 7 together with the distributions in Figure 6 , Walk Score seems to slightly underestimate most of the locations in our study area, while the synthetic walkability index, on the contrary, appears to match our local knowledge that three urban cores of this area should be associated with a relatively high walkability value. In New York State, depopulation occurred in a range of cities of the state's regions, including the New York City metropolitan region and Upstate New York communities. The impacts are striking in many ways, including differential reinvestments by both public and private sectors. This realization led to Governor Cuomo's recognition that Upstate communities lagged behind Downstate communities, and a State policy was needed to address the differential. A New York Upstate Revitalization Strategy involved a competition for financial awards exclusively for the Upstate area. The grand prize involved an award of $500 million for revitalization of a single region. That award was made to the Southern Region of New York, which includes Broome County and the Triple Cities. The Southern Tier Regional Development Council created the regional development project. One of the most important goals involved a strategy for creating three innovation districts (or iDistricts), one in each of the Triple Cities, with the intention of redevelopment of the old urban core by "Placemaking" and "Downtown Revitalization". This meant locating in the areas in and near the old central business districts (CBD) and their nearby surrounding neighborhoods that had been hard hit by the depopulation that had suffered from the concomitant negatives expressed by the indicators previously noted in Table 1 . The literature has increasingly paid attention to the differential spatial impacts within cities, small and large [62, 63] . Some neighborhoods within the city suffered more from the forces associated with depopulation and job losses than others. Certainly, these include neighborhoods in old industrial and near-CBD areas. The Council defined the three iDistricts and the newly defined iDistricts contain such neighborhoods. The revitalization plan focuses on the attracting innovative businesses and an innovative anchor that drives the attraction of new business and employment to the area. Binghamton University provides an anchor for each of the iDistricts and became the driver of redevelopment based on its professional schools. This observation from comparisons in Figures 6 and 7 suggests that the performance of Walk Score may be adequate in cities with high population density, but might need further improvements and adjustments in areas with a small population [52] , such as the shrinking metropolitan area in this research. In areas with very different social and economic structures, fewer neighborhood amenities can be derived, the primary inputs to calculate Walk Score, which might lead to a less satisfactory estimate in such areas. Alternatively, the synthetic walkability index does not rely heavily on amenity, but also considers the impacts of other relevant factors, such as population density, crime, and land use mix.
In addition, the proposed framework provides an explicit mechanism for walkability measurement. This is done by scrapping online open data followed by data cleaning and data mining processing steps. Its mechanism is relatively simple and straightforward for calculation, especially nowadays the amenity and socioeconomic records become more and more readily available online. Comparatively, some existing walkability metrics tend to have a black-box mechanism. For example, Walk Score is calculated based on the distance from the target location to the closest surrounding amenities by using a distance decay function [7, 52] . The details of its complete algorithm, however, remain implicit to the public. Although an application program interface (API) is provided for data retrieval, it only allows limited daily requests. Accordingly, it is less likely to obtain data for a large area (e.g., at the city level, or an even larger geographic coverage). Moreover, Walk Score only supports four countries of the world at the time when this research was conducted, i.e., the U.S., Canada, Australia, and New Zealand. When walkability quantification is, i.e., in great need in certain cities in countries where there is no immediately available walkability measures (e.g., Walk Score), it is practical for researchers to calculate the synthetic walkability index based on the proposed framework, and to provide such information to local officials in support of urban planning and health practices in these regions.
The Data-Driven Nature of this Framework
Compared with previous studies in the literature, another advantage of this proposed framework is the data driven nature to handle geospatial big data. This framework is designed to use a large amount of relevant variables to cover different dimensions of urban built environment related to walkability. When a variable is not available for walkability quantification in a certain case, this aspect that this variable describes may be still characterized by the major component when numerous variables (and some may be highly correlated with each other) are used as inputs of PCA, as illustrated in this research. In contrast, missing a variable may prevent the calculation when using traditional methods and existing metrics. Admittedly, although PCA is a powerful statistical method, the understanding of what the factor is (or what the factor describes) is left to the researcher.
Moreover, the weight of each component is adaptively determined based on this proposed framework. This is done by using the variance derived from PCA as the weights for synthesizing the index. Comparatively, weights are determined in two ways in existing studies. The first is the usage of equal weights, which, for example, is used for Walk Score [52] . It is based on an assumption of equal importance of different categories of amenities. This may not adequately characterize the reality due to their considerably different impacts on walking. The second limitation is the subjective assignment of weights, which heavily relies on researchers' local knowledge. Especially when studying different cities with different social structures and economic status, it may be very difficult to decide the appropriate weights in different study areas manually. Therefore, this framework helps adaptively determine weights of variables from online open datasets which characterize the varying impacts of different aspects of walkability.
Extension of Topical Study Areas and Future Studies
This study extends the research topical areas in the literature. A variety of metropolitan areas have been investigated in previous walkability studies. Examples include New York City [36] , Atlanta [34, 37, 38] , Los Angeles [39] , Seattle [19, 40] , Portland [41] , Indianapolis [42] , San Francisco [33, 43, 44] , San Diego [45, 54, 56] , Gainesville [46] , Minneapolis-St. Paul [47] , and Adelaide, Australia [35] . Unlike existing studies using cities with a large population, our study focuses on a metropolitan area with three typical small shrinking cities in the northeastern U.S. with a smaller population and high obesity prevalence. Population size differences are one issue, and depopulation hits harder on cities with a small population. Due to the relatively low socioeconomic status in many small shrinking cities in the U.S. and other countries, the research outcomes from this study could provide guidance for quantifying walkability in a data-driven manner in these post-industrial cities.
In future studies, we will further improve the proposed framework on the following three aspects. First, we will extend this framework with more geospatial big data by implementing automated extraction of multiple open sources, for example, subjective user generated contents [64] , including online review and social media. Second, we will test this framework in different cities of the world where the urban designs and structures substantially vary from the U.S. cities. It is challenging to access and determine the availability and compatibility of open sourced data in differing cities, especially when scrapping online contents written in different languages. Third, in terms of clustering POIs, it is worth trying to use the general categories provided by the websites, such as "Trip Advisor", so as to be easier to polarize the detailed groups of POIs.
Conclusions
A computational framework for walkability measurement is proposed in this research. Three major steps of this framework include web scrapping of publicly available online data, determining varying weights of variables, and generating a synthetic walkability index. This method was implemented in the Greater Binghamton Area in upstate New York, and the result was compared with the existing walkability metric. The results of this research suggest three major conclusions. First, the proposed data-driven framework provides an explicit mechanism with geospatial big data. Specifically, relevant variables of built environment can be derived from extracted online contents, and their varying weights can be adaptively determined. Second, the synthetic walkability index based on this framework is comparable to the Walk Score, and it even tends to have a slightly higher sensitivity than its counterpart from comparisons. Third, this framework was effectively applied in a U.S. shrinking metropolitan area, which extends the topical area in the walkability literature. It indicates that this approach has the potential to quantify walkability in any city, especially cities with small population where walkability has rarely been quantified and studied. Urban planning strategies, such as land development, street density, and public transit, will indirectly affect urban inhabitants' physical activity and obesity. The proposed framework, as well as the synthetic walkability index, provides a general, explicit, and comprehensive method to capture different aspects of the walking environment in a city. For areas that have rare walkability studies, researchers can calculate the synthetic walkability index based on the proposed framework, to assist urban planners, community leaders, health officials, and policymakers in their practices to improve the walking environment of their communities. Examples include making new re-development plans and policies in order to improve the public health of urban inhabitants. Despite the aforementioned strengths, future studies with this data-driven method are warranted in different cities outside the U.S. for a more comprehensive understanding of the proposed framework.
